STŘELEC, L.: Searching for long memory eff ects in time series of central Europe stock market indices. Acta univ. agric. et silvic. Mendel. Brun., 2008, LVI, No. 3, pp. 187-200 This article deals with one of the important parts of applying chaos theory to fi nancial and capital markets -namely searching for long memory eff ects in time series of fi nancial instruments. Source data are daily closing prices of Central Europe stock market indices -Bratislava stock index (SAX), Budapest stock index (BUX), Prague stock index (PX) and Vienna stock index (ATX) -in the period from January 1998 to September 2007. For analysed data R/S analysis is used to calculate the Hurst exponent. On the basis of the Hurst exponent is characterized formation and behaviour of analysed fi nancial time series. Computed Hurst exponent is also statistical compared with his expected value signalling independent process. It is also operated with 5-day returns (i.e. weekly returns) for the purposes of comparison and identifi cation nonperiodic cycles.
The fi nancial market is a part of economic system. There are four parts of fi nancial market: bond market, stock market, commodity market and exchange market. The basic information from fi nancial markets is the price. The prices are monitored in certain time frequency and create time series.
In comparison with other economic time series, the fi nancial time series have some characteristic properties -for example high frequency, leptokurtosis probability function with fat tails and a higher peak at the mean than the normal distribution, volatility clustering etc. One of the key properties of financial time series is long memory eff ect. Theoretically, what happens today impacts the future forever. In other words, current data is correlated with all future daily changes. In comparison short memory systems are characterized by using last i series values for making analysis. Long memory systems on the other hand are characterized by their ability to remember events in the long history of time series data and their ability to make decisions on the basic of such memories. This paper is divided into four parts. In part 1, the Hurst process and R/S analysis is described. Part 2 deals with the gist of this paper -results of R/S analy sis, Hurst exponent estimation and statistical comparison with his expected value signalling independent process. In part 3, result are discussed and confronted with previously published papers and results. The fi nal part of this paper is the summary.
MATERIAL AND METHODS
Source data are daily closing prices of offi cial stock market indices of Central Europe Stock Exchanges -Bratislava Stock Exchange (SAX), Budapest Stock Exchange (BUX), Prague Stock Exchange (PX) and Vienna Stock Exchange (ATX) -in the period from January 1998 to September 2007, or approximately 10 years of daily data, contains about 2400 data points.
According to the original theory by British hy drolo gist H. E. Hurst there are defi ned three processes (Hurst, 1951) :
would imply an indepedent process. This process would include the normal distribution and non-Gaussian independent processes like the Student t-distribution or gamma distribution etc.
< H < 1 b)
implies a persistent time series with long memory eff ects. Theoretically, what happens today impacts the future forever. 0 < H < 0.5 c)
implies an antipersistence time series. An antipersistent system covers less distance than a random one.
We can use R/S analysis for calculated empirical Hurst exponent. R/S analysis is a simple process with these sequential steps (Peters, 1994) :
Begin with a time series of prices 1.
P t registered in time points t = 1, 2, …, T. Convert this into a time series of logarithmic ratios (returns) of length N = T − 1:
P i+1 x i = log i = 1, 2, …, T − 1.
P i
Divide this time period into 2.
m contiguous subperiods of length n, such that m·n = N. For each subperiod of length n, the average value e j is defi ned as:
The time series of accumulated departures 3.
z kj from the mean value for each subperiod is defi ned as:
The range is defi ned as the maximum minus the 4. minimum value of z kj within each subperiod:
The sample standard deviation calculated for 5.
each subperiod:
Each range is now normalized by dividing by the 6. standard deviation corresponding to it.
From step 2 we had m contiguous subperiods of length n. Therefore, the average R/S value for length n is defi ned as:
The length 7.
n is increased to the next higher value, and (T − 1)/n is an integer value. We use values of n that include the beginning and ending points of the time series, and steps 2 trough 6 are repeated until n = (T − 1)/2. Hurst (1951) found that the distance that a ran-8.
dom particle covers increases with the square root of time used to measure it, or:
where c is constant and H is the Hurst exponent. The Hurst exponent can be approximated by plotting the log(R/S) n versus the log n and solving for the slope through an ordinary least squares regression. In particular, we are working from the following equation:
log(R/S) n = log c + H log n.
In general, run the regression over values of n ≥ 10, because small values of n produce unstable estimates of R/S statistic when sample sizes are small.
Calculated value of the Hurst exponent (H) is now compared with expected value of the Hurst exponent (E(H)) derivate from expected R/S values (E(R/S) n ). Peters (1994) was able to derive an empirical correction (n − 0.5)/n to earlier formula of E(R/S) n developed by Anis and Lloyd (1976) and E(R/S) n is now: for n ≤ 300, and
for n > 300.
Because the R/S values are normally distributed random variables, we would expect that the values of H would also be normally distributed with the expected variance of the Hurst exponent:
where T is the total number of observations in the sample.
In this paper, we will analyze time series of logarithmic returns and AR(1) residuals of logarithmic returns derived from selected stock market indices. The AR(1) residuals are used to minimize linear dependency or to reduce the result to insignifi cance level. First we begin with a series of logarithmic returns:
Then we regress x i as the dependent variable against x i−1 as the independent variable, and obtain the intercept b 0 , and the slope b 1 . The AR(1) residuals of x i are defi ned as:
For this cases (time series of logarithmic returns and AR(1) residuals of logarithmic returns) R/S ana-
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RESULTS

Analysis of daily logarithmic returns
Tab. I shows R/S n and E(R/S) n values of daily lo garith mic returns for ATX, BUX, PX and SAX series. Fig. 1 shows the log(R/S) n plot for daily logarithmic returns for ATX, BUX, PX and SAX series. Also plotted is E(R/S) n as comparison against the null hy pothe sis that the system is an independent process (see above). Fig. 1 also shows the V-statistic and plot it versus log(n). V-statistic is the ratio of R/S n to √n. 
1: R/S analysis and V-statistic -daily returns
Analysis of AR(1) residuals of daily logarithmic returns
Tab. III shows R/S n and E(R/S) n values of AR(1) residuals of daily logarithmic returns for ATX, BUX, PX and SAX series. Fig. 1 also shows the log(R/S) n plot for these series (see above).
III: R/S analysis of AR(1) residuals of daily logarithmic returns
n log n log(R/S) -AR (1) 
Subperiod analysis and searching for nonperiodic cycles
A break in the R/S graph and V-statistic graph appears to be at 200 observations (log(200) ≈ 2.30) for ATX and BUX series and at 120 observations (log(120) ≈ 2.08) for PX series (see Fig. 1 ). This breaks in the R/S graph may signal nonperiodic component in analysed time series. Therefore, ATX and BUX series may contain the nonperiodic cycles with frequency of approximately 200 trade days (about 10 months) and PX series may contain the nonperiodic cycles with frequency of approximately 120 trade days (about 6 months). By contrast SAX series contains long memory eff ect with infi nity frequency of nonperiodic cycle.
Tab. V shows regression results for ATX series. A break in the R/S graph and V-statistic graph appears to be at 200 observations. Therefore, we will run regression to estimate H for 10 ≤ n ≤ 200 and for 200 < n ≤ 1200. In subperiod 10 ≤ n ≤ 200 the regression yielded H = 0.61 for daily logarithmic returns and H = 0.60 for AR(1) residuals of daily logarithmic returns. Expected value of the Hurst exponent is 0.58 with standard deviation of E(H) 0.02, again. Therefore, H value is only 1.49 (for logarithmic re-turns) and 1.11 (for AR(1) residuals) standard deviations above its expected value, and is insignifi cant at the 95 percent level.
In subperiod 200 < n ≤ 1200 the regression yielded H = 0.47 for daily logarithmic returns and AR(1) residuals of daily logarithmic returns too (see Tab. V). E(H) is 0.52. Therefore, H value is 2.66 (for logarithmic returns) and 2.71 (for AR(1) residuals) standard deviations below its expected value. This is a significant result at the 99 percent level. There is an antipersistent process.
Consequently, ATX series follows an independent process for 10 ≤ n ≤ 200, and an antipersistent process for 200 < n ≤ 1200. Tab. VI shows regression results for BUX series. A break in the R/S graph and V-statistic graph appears to be at 200 observations, again. In subperiod 10 ≤ n ≤ 200 the regression yielded H = 0.60 for daily logarithmic returns and H = 0.59 for AR(1) re siduals of daily logarithmic returns. E(H) is 0.58, again. Therefore, H value is only 0.98 (for logarithmic returns) and 0.50 (for AR(1) residuals) standard deviations away from its expected value, and is insignificant, at the 95 percent level.
In subperiod 200 < n ≤ 1200 the regression yielded H = 0.55 for daily logarithmic returns and AR(1) residuals of daily logarithmic returns too (see Tab. VI). E(H) is 0.52. Therefore, H value is only 1.25 (for logarithmic returns) and 1.17 (for AR(1) residuals) standard deviations away from its expected value, and is insignifi cant at the 95 percent level, again. Regression results would imply an indepedent process. 
VI: Regression analysis -BUX daily returns
5-day returns
Tab. VIII and IX show R/S n and E(R/S) n values of 5-day logarithmic returns and AR(1) residuals of 5-day logarithmic returns for ATX, BUX, PX and SAX series. Fig. 2 shows the log(R/S) n plot and V-statistic plot for this series.
VIII: R/S analysis of 5-day logarithmic returns
n log n log(R/S) 
2: R/S analysis and V-statistic -5-day returns
DISCUSSION
Results presented above corresponding with results of the other studies. For example for subperiod 10 ≤ n ≤ 120 we fi nd the Hurst exponent of PX`s logarithmic returns H = 0.63. It corresponds with Střelec`s (2007a,b) fi ndings value of the Hurst exponent for longer time series of PX stock index (from January 1995 to September 2007, i.e. about 3120 daily closing prices) -H = 0.67 for subperiod 10 ≤ n ≤ 120.
These values of Hurst exponent for PX are also not far from Tran (2005) , who found value of Hurst exponent for period of more than 11 years from September 1993 to October 2004 (i.e. 2607 daily closing prices) H = 0.66. Because the Hurst exponent is different from 0.5, he described this time series as phenomena of persistence. But, how signifi cant is this result? In our paper we found signifi cant diff erence, at the 95 percent level, between H and E(H) only for subperiod 10 ≤ n ≤ 120 of PX`s logarithmic returns. But for AR(1) residuals of logarithmic returns is difference insignifi cant, at the 95 percent level. The time series PX contains only short memory eff ect. Long memory eff ect is not signifi cant. Similar results were obtained by Peters (1994) for Dow Jones Industrial.
For the future research we can target the stability analysis of Hurst exponent. For example we can suppose this idea -if the Hurst exponent is stable, then the diff erence between H and E(H) will also be stable. Therefore, we can carry out R/S analysis for longer time series. Consequently, if the diff erence is stable, we will need about 5900 observations of PX`s daily closing prices or about 37,600 observations of ATX`s daily closing prices to reject null hypothesis. But fi rstly there is no guarantee that this will happen, and secondly there is not so long data historyfor example today data history of daily closing prices of PX contains only about 3400 observations and it is too little for relevant analysis.
SUMMARY
This article deals with searching for long memory eff ects in fi nancial time series. Source data are daily closing prices of Central Europe stock market indices -Bratislava stock index (SAX), Budapest stock index (BUX), Prague stock index (PX) and Vienna stock index (ATX) -in the period from January 1998 to September 2007. For analysed data R/S analysis is used to calculate Hurst exponent. On the basis of the Hurst exponent is characterized formation and behaviour of analysed time series. Computed Hurst exponent is also statistical compared with his expected value signalling independent process. It was concluded that diff erences between the Hurst exponent (H) and expected value of the Hurst exponent (E(H)) of SAX`s daily logarithmic returns and AR(1) residuals of daily logarithmic returns are signifi cant, at the 99 percent level, because H is about 3.7 standard deviations above its expected value. The other time series (e.g. ATX, BUX and PX) would imply an independent process, because diff erences between H and E(H) is insignifi cant at the 95 percent level. In conclusion, SAX time series follows a persistent process with long memory eff ect, whereas ATX, BUX and PX series follow an independent process. For subperiod analysis was concluded that ATX series follows independent process for 10 ≤ n ≤ 200 with Hurst exponent H = 0.61 (the diff erence from its expected value is insignifi cant, at the 95 percent level), and an antipersistent process for subperiod 200 < n ≤ 1200 with Hurst exponent H = 0.47 (this value is 2.7 standard deviations below its expected value, and is signifi cant at the 99 percent level). On the other hand for subperiod 10 ≤ n ≤ 120 of PX`s logarithmic returns series was identifi ed statistical signifi cant diff erence, at the 95 percent level, between estimated Hurst exponent and its expected value -this time series follows a persistent process with long memory eff ect. Secondly we ana ly sed AR(1) residuals of PX`s logarithmic returns. The AR(1) process was used to minimize short memory eff ect and linear dependency. In this case was identify the statistical insignifi cant diff erence, at the 95 percent level, between estimated and expected values of the Hurst exponent. According to these results there is no long memory eff ect in PX time series -PX time series contains linear de penden cy and short memory eff ect. Results of daily time series were verifi ed by analysis of 5-day returns. These results imply analogical conclusions as results of analysis of daily returns mentioned above. Na základě v práci provedené analýzy byl identifi kován persistentní proces, tj. proces s dlouhou pamětí, pouze v případě slovenského burzovního indexu SAX s hodnotou Hurstova exponentu H = 0,63, která je statisticky významně odlišná od očekávané hodnoty Hurstova exponentu. U ostatních sledovaných fi nančních časových řad nebyl persistentní proces identifi kován -pouze v případě českého burzovního indexu PX byl u logaritmických výnosů pro interval 10 ≤ n ≤ 120 identifi kován statisticky významný rozdíl mezi odhadnutou a očekávanou hodnotou Hurstova exponentu naznačující persistentní proces s dlouhou pamětí. Následnou analýzou, kdy byla z časové řady odstraněna krátkodobá složka (v práci vyjádřená procesem AR(1)), však byla tato domněnka vyvrácena, neboť pro AR(1) residua nebyl statisticky významný rozdíl mezi odhadnutým a očekávaným Hurstovým exponentem na 5% hladině významnosti identifi kován. Uvedené tak signalizuje pouze krátkodobou paměť procesu, po jejímž odstranění se časová řada chová jako nezávislý proces. Uvedené výsledky sledovaných denních logaritmických výnosů byly rovněž potvrzeny analýzou 5denních logaritmických výnosů sledovaných časových řad.
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